Abstract---This paper presents a novel accurate fault location technique for the radial unbalanced distribution systems, based on measurement of the Short Circuit Power (S/C.P) peak values at the substation. To evaluate the gathered dataset, a Multi-Layer Feed Forward Neural Network (ML-FFNN) with the tuned parameters is designed and the locations of faults are estimated in low, medium and far distances from the source. The estimated distances are compared with the real fault locations to show the accuracy of estimations. The proposed method can work with the small scale datasets and it is capable of being implemented in distribution systems with several laterals.
INTRODUCTION
When a short circuit occurs in the distribution system, the distribution of electrical energy interrupts. If this occurrence takes more than a particular time, it will consider as a total outage. Electrical energy is generated in generation units and is transmitted via transmission lines, in order to feed the distribution system. This electrical energy is wasted and cannot be stored at the fault/outage time. Hence locating the fault with an acceptable accuracy and in the minimum possible time is necessary for all distribution systems.
Traditional fault location techniques have been utilized for decades in the distribution systems; such as impedance based methods , traveling wave methods and the methods which use the information of utility outage management system [1] . The speed and accuracy of fault detection in those traditional techniques are not accepted for complex distribution networks. Nowadays, distribution systems are in the form of radial with several laterals due to the variety of load connections in different locations with the similar distances from the substation. Hence, multi-estimation of the fault location is the common problems between almost all aforementioned techniques. Recent studies have been tried to combine traditional methods with the Intelligent Algorithms (AI) or developing intelligent techniques to improve and speed up the detection of possible fault types in the network.
In this paper, a new fault location approach is presented by utilizing the intelligent based technique. Three fault types are applied on the local distribution system and the peak values of Short Circuit Power (S/C.P) are measured at the source bus. Then using a designed Multi-Layer Feed Forward Neural Network (ML-FFNN) the gathered dataset is evaluated in order to estimate the fault distance from the source.
A local 15 bus radial unbalanced distribution system with its all component is simulated in the PSCAD software. The total power of this network is 5MVA and voltage level is 20kV. in this study it is assumed that all spots and distributed loads are fixed in the time. In addition, the resistance of all three fault types -Three Line (LLL), Line to Line (LL) and Single Line to Ground (SLG)-are set to a constant value.
II. FAULT LOCATION ALGORITHMS
Recently, new fault location techniques are used to detect the fault via different approaches. In [2] , [3] and [4] , data matching technique has been used as a fault location algorithm. In these papers, the voltage sag values which are measured at the main source are matched with the generated data in the simulation. In [5] the bus impedance matrix is used, the voltage and current values are measured at the substation, the quadratic and nonlinear equations are solved and a different fault location technique is obtained consequently for the overhead distribution system. There is other new approach in [6] based on the voltage and current value recordings at the source bus during faulty condition and exploiting direct short circuit analysis. Apart from new aforementioned techniques, fault location methods are classified in three main categories; Impedance based algorithms, Traveling wave based algorithms and Artificial Intelligence based algorithms. In impedance based technique, apparent impedance is calculated via solving mathematical equations with respect to the measured values of voltage and current at one end or two ends of the line. In [6] the calculated impedance is compared with a threshold in order to improve the accuracy of estimation. In the other approach, the apparent impedance is calculated using phasor-components of voltage and current in both pre-fault and pure-fault conditions at the substation end [7] . A new fault location technique for both underground and overhead lines in distribution systems is presented in [8] . In this approach, local voltage and current values and matched pre-fault load impedance parameters are used during power-flow analysis. Whereas the apparent impedance must be calculated in these techniques, Multi-estimation is the general problem of using impedance based algorithms, especially in large distribution system with several laterals. The other fault location algorithms category is "Traveling wave based algorithms". As soon as a fault has occurred, traveling waves will be generated in the network. These waves divide in two parts; a part of them travels between fault points and substation. Whereas the other part is reflected between substation and junctions of distribution network [9] . Various fault types can be located due to usage of this reflection and transition of the waves. Using wavelets and supporting vector regression (SVR), a new approach which is suitable for ground fault types is proposed in [10] .In [11] , a novel fault location technique is proposed in order to use the fact that the travelling waves produced by faults are able to extract the integrated timefrequency wavelet decompositions of the voltage transients. Although estimated fault locations using travelling wavebased algorithms are more accurate than the impedance based techniques, but high sampling rate and difficulty of discrimination between the reflected waves from the faulty points are the main pitfalls of all these methods. "Intelligent based algorithms" is the third category of fault location techniques. Artificial Intelligence (AI) algorithms such as Genetic Algorithm (GA), Fuzzy logic (FL), Artificial Neural Network (ANN), etc., are being exploited to locate the fault. For example in [12] a new approach based on the FL with using of the radio frequency and GPRS system for fault signal acquisition is proposed to locate the fault .In this study failure rate of the fault indicators represents the fuzzy parameters. An improvement on GA with exploitation of the electronic installed equipment at the substation to collect the fault information, is proposed in [13] . This improved GA can simply reach to the local and global optimum in comparison with the standard GA. Recently among AI approaches; ANN algorithms due to success and fast progress have apportioned more studies to themselves. For instance in [14] a technique is presented the usage of Multi-Layer Perceptron (MLP) neural network which is proper for distribution systems in presence of Distributed Generation(DG).In [15] using The three phase current of the main source and DGs as the input for Radial Basis Function Neural Network with Optimum Steepest Descent (RBFNN-OSD) learning algorithms, the fault distances from the source are estimated with an acceptable accuracy.
III. PROPOSED ALGORITHM
According to the literature the estimated location using "Intelligent based methods" is precise and fast enough .On the other hand, the implementation of these methods are less cost in comparison with other two categories. Providing sufficient and appropriate dataset is the common requirement of all intelligent based algorithms.
In this study S/C.P peak values are measured at the source bus at the time of applying faults in different distances from the source. Three fault types such as LLL, LL and SLG are applied in different locations of the simulated distribution system and the S/C.Ps are recorded in a dataset for each fault type. It should be noted that sampling rate in this method is low and it is tried to record S/C.P values from more sensitive parts of the system. In the next step, gathered dataset is appointed as inputs to the designed ML-FFNN with the tuned parameters in order to estimate the fault distances from the source. Three test fault locations in low, medium and far distances from the source are chosen to examine and validate the performance of the network. It means that the designed ML-FFNN is trained without the three locations data (recorded S/C.Ps) and their corresponding distances. Then the network is tested to estimate the distances of three missed fault locations. Finally, estimated distances are compared with the real distances which are available in the dataset and Difference Percentage (DP) is calculated.
A. DESIGNING NEURAL NETWORK
A ML-FFNN with Back-Propagation (BP) learning algorithm is designed in order to evaluate the obtained data from the simulation. The main point to get acceptable results of a FFNN is, setting of the number of layers and neuron in each layer with respect to the gathered dataset which is totally based on the experiment. Parameter tuning is the other effective point for designing any type of neural networks. Parameters such as Training Rate, Number of Epochs, Goal, Momentum Constant, MU etc. should be tuned optimally to get satisfactory results.
B. IMPLEMENTATION
To imply the proposed method, a local radial 15 bus distribution system is simulated in PSCAD software. This network is totally unbalanced due to the presence of three phase and single phase laterals and also existence of unbalanced single, double and three phase loads in the form of spot and distributed loads. The voltage and power level of the system is 20kV and 5MVA respectively. The total length of distribution system is 20km which is classified in the medium scale networks. Fig.1 . shows the simulated distribution network including transformers, distribution lines and unbalanced loads using PSCAD Software. Table I the fault locator system estimates the distances with the ADP of 0.32 for LLL fault type. The difference between estimated distances and the real fault locations are in range of 10 to 60 meters. It is obvious that using S/C.P method the designed neural network estimates the fault locations with an acceptable accuracy. Table II shows the fault locator system estimates the distances with ADP of 0.22 for LL fault type. The Estimated distances using this method are in range of 0 to 22 meters far from the real distances. With respect to the acquired results, the performance of fault locator system is dependable in low, medium and far distances from the source. Table III , the ADP for SLG fault is 0.23 and the fault locator system estimates the distances with difference of 0 to 24 meters in compared with the real distances. The reason for achieving accurate estimations in using S/C.P is that voltage, current and phase angle are involved in the forming of active power. It means that three different electrical parameter are monitoring simultaneously at the time of applying the fault. Subsequently measured values of S/C.P are not closed to each other, hence the designed ML-FFNN is able to recognize and discriminate the recorded values easily. The significance of last point is more prominent in existence of several laterals and ramification in the distribution system. In this condition there are several locations with similar equivalent impedances or similar distances from the source which leads the intelligent fault locator to multi-estimation or inaccurate estimations. Moreover, as it can be seen in Tables I to III the performance of the fault locator system in the far distances from the source is extremely accurate. The reason of this accuracy is that the recorded values of S/C.P in far distances are different enough from each other and also recognizable for the neural network consequently.
ADP: Average Difference Percentage It can be observed that the performance of fault locator system for all three fault types is less than 0.32 which is an acceptable accuracy in distance estimation.
V. CONCLUSION
A new inelegant fault location algorithm was presented in this paper based on the measuring of S/C.P peak values at the substation. Then a ML-FFNN with tuned parameter was designed to evaluate the gathered dataset. Since collected values of S/C.P from different parts of the distribution system were recognizable and easy to discriminate, the designed ML-FFNN could estimate the fault locations with an acceptable precision in low, medium and far distances from the source bus. Due to low sampling rate in this method, it can be applied in the real distribution network including several laterals and ramifications. 
